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Smartphones are an as yet untapped resource available to agriculture. They are ubiquitous across 
the globe yet have not previously been tested as a resource available to farmers. Imaging methods 
such as unmanned aerial vehicles (UAV) and satellite imaging have been well-explored and 
employed in various aspects of agriculture; however, such methods can be cost-prohibitive and at 
the mercy of another company or agency. If smartphones could be shown to capture color in such 
a way that relates in a quantifiable way to data measured by laboratory-grade equipment they could 
prove to be extremely valuable to farmers. Cutting out expensive and specialized technology for a 
device already sitting in people’s pockets would benefit farmers around the world. Given this idea, 
three experiments were designed to assess the color capabilities of smartphone cameras in relation 
to agricultural applications.  
 The first experiment assessed the capability of smartphone cameras to identify the presence 
of cyanobacteria in a given water sample based on measurements of color and transmission spectra. 
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These data were then related to color captured by four smartphones. Additionally, the 
measurements were used to create a preliminary customized Color Checker-inspired chart for 
use in identification of cyanobacteria. Current techniques employed by the state of New York for 
identifying cyanobacteria in water are cumbersome, involving week-long testing in government 
labs. This project is an attempt to simplify the process by using image capture with smartphones.  
 The second assessment was similar to the first, with tomatoes in place of cyanobacteria. 
Five smartphone devices were used to image tomatoes at different stages of ripeness. A 
relationship was found to exist between the hue angles taken from the smartphone images and as 
measured by a spectroradiometer. A tomato Color Checker was created using the 
spectroradiometer measurements. The chart is intended for use in camera calibration for future 
imaging of tomatoes.  
The final assessment was an online experiment, wherein participants were asked to choose 
a color from an array generated from images of tomatoes that best represent the color of the tomato. 
This was a first step toward understanding which characteristics people use to categorize a crop as 











Smartphones have become prevalent in cultures across the globe, including poor and underserved 
countries (World Bank, 2016). While farmers in such countries may not have access to laboratory-
grade equipment or fleets of drones, they are likely to have a cell phone. Opening accessibility of 
crop imaging could help farmers track and lose less of their crop using a device they likely already 
have. Additionally, smartphone cameras would be much easier and more portable for use in field 
measurements than current lab-based spectrophotometers or spectroradiometers. If enough color 
information can be obtained from smartphone imaging, it could mean that data collection could be 
performed without having to transport expensive, cumbersome equipment. Simplifying the process 
of crop assessment can make these processes more accessible to a wider range of people. Crop loss 
evaluation is already being performed using unmanned aerial vehicles (Millan et al., 2020); 
smartphone imaging would potentially be a simpler and more cost-effective way to perform the 
same function.  
1.1  CYANOBACTERIA 
 
The current method for cyanobacteria identification used by the government consists of collecting 
a water sample from various lakes and ponds around the state, shipping them to the state capital 
for analysis, and testing them over the span of a week. The idea of this research was to determine 
if it is possible to streamline this process to simply using a smartphone to take a picture of a water 
sample and determine from the image the presence, or lack thereof, of the cyanobacteria.  
 Two strains of cyanobacteria, one colonial and one filamentous, were acquired and grown 
in the lab for continued testing. Similarly, two strains of green algae of similar cellular structure 
to the cyanobacteria were also grown simultaneously. The algae were used to determine if the 
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smartphone cameras can distinguish between the analogous in appearance, though mostly benign, 
green algae from the harmful cyanobacteria. 
 Measurements of the transmission spectra and L*a*b* coordinates of the cyanobacteria and 
green algae in fresh water were made at concentrations between 5% and 100% using a 
spectrophotometer. Images were taken of each sample using four mobile phone cameras of varying 
quality. The color information of each sample was then extracted from the images to determine 
how the colors captured related to the colors measured by the spectrophotometer. These data were 
also used to create a preliminary customized “ColorChecker” for matching in the field to better 
help workers judge if the sample is cyanobacteria or green algae. 
1.2  TOMATOES 
 
This project focused on the potential use of smartphone cameras to determine the ripeness of 
tomatoes.  
The purpose of the project is to determine if the relationship between color in smartphones 
and color measured by spectroradiometers is well-defined enough to get meaningful data from 
smartphone-captured images. Five smartphone or smartphone-level devices were used to image 
tomatoes at different stages of ripeness. The color information from the images was compared to 
measurements from a PR-655 spectroradiometer. The data collected was used in creation of a 
tomato color chart for camera calibration.  
It was found that the relation of hue angles of tomatoes from the smartphone images, hphone, 
were related exponentially to the measured hue angles of the tomatoes, hmeas. This relationship 
suggests that it is possible to use smartphones to gather relevant color information. 
Camera calibration is important especially for smartphone cameras because smartphones 
have different color correction algorithms and white balance. Generally, no two different phone 
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models will capture exactly the same colors. Even phones of the same model were found to capture 
color differently (Nixon and Outlaw, 2019).  
The color checker was intended to be made of a material that makes it easy to transport into the 
field without taking up much space. Three charts were printed on different cloth materials and 
analyzed for their color correctness and other factors that could affect its usability, such as 
transparency. The three materials were all found to require backings of some kind. Five types of 
backings were tested to determine the most effective approach. 
The use of inexpensive cameras and targets with ground-based autonomous vehicles could 
also open the world of in-situ measurement without the added complications of drone flight and 
regulations. Adding basic near-infrared sensors, such as those that have been used in analysis and 
prediction of white mold growth on snap beans, could yield even more helpful information 
(Hughes, 2019). It potentially increases the efficacy of crop monitoring and expands the regions 
of availability relative to drone-based monitoring because it allows for imaging underneath the 
plant foliage. 
1.3  DETERMINATION OF REPRESENTATIVE COLOR 
An online experiment was created to assess how participants determine the representative color of 
an image. There have been previous studies that characterized observers’ use of average color 
(Webster, et al., 2014, Milojevic et al., 2018) and most saturated color (Bartleson, 1960, Kuriki, 
2004, Kimura, 2018) in determining the representative color of an image.  Additionally, humans 
have been shown to average color over a non-uniform distribution, such as a tomato. No tomato is 
entirely uniform in color; instead, it is composed of several shades of reds and oranges, sometimes 
even yellows and browns. This is especially true for an unripe tomato, with veins of green running 
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across the surface, yet somehow when people look at a tomato, they have a quantifiable answer of 
“red” or “green.”  
In order to examine what characteristics of crops such as tomatoes participants use in their 
determinations of the representative color, the images taken for the tomato experiment were 
repurposed, as well as images of grass, sky, and skin. The inclusion of the additional images served 
to check if the participants use the same methods of determination for tomatoes as with previously 
studied subjects. Participants are asked to make a choice of which color best represents the overall 
image. This was done for the set of full images, as well as 16x16 and 64x64 pixel subsampled 
versions of images. Examples of subsampled arrays are given in Figure 1.1. After the first round 
of data collection was completed images from the cyanobacteria experiment were added to the 
test. The colors chosen by participants were recorded, in addition to the time taken on each image 
and the location of the color chosen to track if there were additional factors affecting color choice. 
 
     











2.1  CYANOBACTERIA 
 
Cyanobacteria are the oldest oxygen evolving organisms on Earth (Paerl and Paul, 2012). They 
are a type of phytoplankton (CDC, 2021) that were historically known as blue-green algae because 
of its similarities to green algae. Algae and cyanobacteria are both photoautotrophs, they both use 
water as an electron donor, and they both contain the photopigments chlorophyll a- and β-carotene 
that are key to photosynthesis (Stanier et al., 1971). Both also contain lycopene as a pigment 
(Sugiyama and Takaichi, 2020 & Bishop et al., 1995). Another pigment, phycocyanin, is found in 
both cyanobacteria (Morançais et al., 2018) and algae (Greque de Morais et al., 2018 and Kuddus 
et al., 2013). Chlorophyll produces a green pigment, lycopene produces red pigment, and 
phyocyanin produces a blue pigment.  
Photoautotrophs create energy using light and carbon dioxide (Amils, 2011). Despite the 
behavioral resemblance to algae, cyanobacteria more closely resemble bacteria in terms of cellular 
structure and in the organisms themselves (Stanier, et al., 1971).  
Cyanobacterial morphology consists of unicellular colonial forms and multicellular 
filamentous forms (Mur, et al., 1999). Global warming and more intense disruptions to weather 
also give cyanobacteria more ability to grow and persist (Paerl and Paul, 2012). Warmer waters 
are likely to increase the severity and frequency of blooms (O’Neil, et al., 2012). These conditions 
have made it easier for the rise of increased blooms in lakes and water systems (Wagner and 
Adrian, 2009), such as those in upstate New York. 
Where most forms of green algae are harmless, cyanobacteria can range from bothersome, 
giving water an undesirable smell and taste, to being toxic. The toxins produced affect a wide array 
of the human body’s functions; they include hepatotoxins, neurotoxins, microcystin, and elements 
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inducing allergic reactions (Drikas et al., 2001, Orr, 2015b). Additional treatment is required for 
drinking water in which elevated levels of cyanobacteria are detected before it can be safely 
consumed (Orr, 2015a). This could create a dangerous situation for residents of upstate New York, 
since over one million people in the area get their drinking water from lakes (Finger Lakes Land 
Trust, 2020). 
While cyanobacteria are naturally occurring in small amounts in lakes and streams, they 
are the most common harmful algal blooms (HABs) in New York’s freshwater (NYS DEC, 2017). 
Typically caused by an imbalance in phosphorous and nitrogen levels in a body of water, HABs 
were registered in all eleven Finger Lakes in 2017 (Cornell Cooperative Extension Seneca County, 
2017). On a local level, cyanobacteria blooms spread through Canandaigua Lake (Orr, 9/29/2015 
and Seneca Lake (Sherwood, 2016) during the summer of 2015.  Blooms of cyanobacteria can 
make water appear green, occasionally with floating clumps of filament (Cornell Cooperative 
Extension Seneca County, 2017), making it unsightly as well as dangerous. While humans can get 
sick from exposure to cyanobacteria, they are unlikely to die. However, animals such as dogs are 
susceptible and may die from exposure to cyanobacterial toxins (MacNeill, 2017). Beaches on 
Canandaigua Lake even had to be temporarily closed due to high levels of microcystin, a liver 
toxin, that were found in the water (Orr, 9/29/2015). When this happened, Canandaigua received 
aid from the federal and state level to combat the toxic bacteria. Arguably, much of the money 
would not have been needed if the bloom was detected earlier.  
The current protocol for detection of HABs by the New York State Department of 
Environmental Conservation is a combination of methods. Visual surveillance is combined with 
lab testing to measure the concentrations of chlorophyll and microcystin (Division of Water, NYS 
DEC, 2017). A “Suspicious Bloom” is designated when what visually appears to be a bloom of 
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cyanobacteria is found (US EPA 2017). The visual surveillance images and water samples are 
transported to the DEC headquarters in Albany for testing (Division of Water, NYS DEC, 2017). 
A “Confirmed Bloom” is declared when the level of blue green chlorophyll is measured in the lab 
to be ≥25 µg/L and with confirmation under a microscope that the majority of the sample is 
cyanobacteria. A “Confirmed with High Toxins Bloom” is designated when the samples from a 
Confirmed Bloom also are found to contain ≥20 µg/L of microcystin for shoreline samples or ≥10 
µg/L of microcystin for open water samples (US EPA 2017). A map of reported HABs in New 
York state in 2019 is displayed in Figure 2.3. Local blooms to New York tend to be colonial over 
filamentous. 
 
Figure 2.1: A map of reported HABs in NYS in 2019 (Toxic Targeting, Inc.). 
Transport and testing of the samples use valuable resources that, should a handier way of 
determining the presence of cyanobacteria become available, could be better spent elsewhere. If a 
DEC worker could take out a smartphone and simply take an image of a water sample while on 
 22 
site, then the process of detection could be vastly expedited. Additionally, HABs are small and 
tend to move on the surface of the water, making a real time approach helpful. 
Citizen science is a term “used to describe the involvement of non-professional scientists 
in science (Cavalier et al., 2020).” Essentially, it is the crowd sourcing of data collection to collect 
more information than scientists could alone. Smartphones can be utilized by citizen scientists to 
make real contributions to scientific pursuits (Cavalier et al., 2020). An example of citizen science 
in action is the bloomWatch app (Snook, 2021). Citizen scientists download the app, take pictures 
of potential blooms, and use the app to submit them to relevant professional agencies. These 
pictures help track where and when blooms spread across more bodies of water than they could 
otherwise. The work in this project is a potential augment to projects like bloomWatch, by showing 
that different devices are capable of capturing relevant information and expanding the tools 
available to citizen scientists. 
A customized Color Checker was previously exemplified for farmers’ use in cultivating 
rice crops. The University of California Cooperative Extension created a “meaningful range of 
green plastic chips ranging from yellowish green to dark green” in such a way to match the color 
of rice leaves over a range of nitrogen levels within the plant (Witt et al., 2005). One of the goals 
of this study was to determine a similar “meaningful range” of colors of cyanobacteria and green 
algae. Ideally, the colors measured for the cyanobacteria and algae would match colors from the 
Munsell Book of Colors so the customized color checker could be made from samples for which 
the color information is already known and visual Munsell papers are available. The chart could 
then be distributed to citizen scientists as an on-site comparison of bloom colors to documented 
cyanobacteria and green algae colors. 
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2.2  TOMATOES 
 
Color has long been used by consumers as a gauge of quality of produce. Color has likely played 
a role in perception of foods dating back to the co-evolution of primates and fruits (Valenta et al., 
2018; Fleming and Kress, 2011). It is the first thing observed by consumers when shopping. 
Consumers’ perception of color can also affect their perceptions of other qualities, such as the 
sweetness of fruits (Francis, 1995). The red color indicating ripeness in tomatoes is directly related 
to lycopene content within the tomato (Arias et al., 2000). Lycopene is a carotenoid; carotenoids 
are pigments found within foods that contribute antioxidant qualities to the foods, of which 
lycopene is the most efficient (Brandt et al., 2006). The concentration of carotenoids in tomatoes 
increases between ten and fourteen times over the growth and maturation of the tomatoes (Garcia 
and Barrett, 2006). The chlorophyll that creates the green color breaks down as the carotenoids 
build up (Brant et al., 2006). As the concentration of lycopene increases, the tomato becomes 
redder. The color of raw tomatoes even determines the resulting colors of processed tomato 
products, such as paste and ketchup (Hunter and Yeatman, 1961). As such, the proper color at 
harvest can be paramount to farmers’ success. 
 A wide array of environmental factors can affect the development of color in tomatoes, 
both during growth and post-harvest, including natural light (Helyes, Lugasi, and Pék, 2007), 
ripening on or off the vine (Arias et al., 2000, & Pék and Helyes, 2010), temperature during growth 
(Arias et al., 2000), and biological variation (Hertog et al., 2004). This makes it essential that 
farmers monitor their crops at every stage of development. Some farmers have turned to drone 
imaging to survey the state of their fields (Stehr, 2015, & Natu and Kulkami, 2016, & Moskvitch, 
2015). However, drones can be expensive and are heavily regulated by the Federal Aviation 
Administration in the United States (US DOT, 2019). Current drone use often requires drone pilots 
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and specialized software, making it even more inaccessible to the average person. Farmers in more 
rural or impoverished countries may not have access to drones at all. Tomatoes can still be a staple 
of agriculture in such places without drone technology (Okali and Sumberg, 2012, & Brown and 
Kennedy, 2005, & Gebreselassie, 2003). With the pervasion of smartphones through all cultures 
around the world (World Bank, 2016), the cameras of the smartphones could potentially be used 
in place of such technology. Farmers tend to harvest tomatoes at about halfway through their 
maturation (Muhammad et al., 2012). Simplified monitoring of growth of tomatoes and other crops 
could lead to improved crop yield, which could help alleviate economic stress on farmers. 
 Newer models of smartphones have a “raw mode,” where it is possible to capture an image 
as it is rendered by the camera before any of the post-processing is performed. Using RAW images 
could potentially make using smartphones for agricultural applications simpler if things like 
different white-balancing, sharpening, and brightening algorithms that are proprietary to each 
manufacturer do not have to be considered. 
2.3  DETERMINATION OF REPRESENTATIVE COLOR 
Color can provide a multitude of detail about an object. Differences in color can help observers 
detect features within or surrounding an object and to break up a scene into individual parts. While 
there is a long history of assessment of color discrimination and detection, research into how 
people form representations of multicolored stimuli is more recent. When matching two colors 
shown in spatial arrays with a reference hue, observers were found to use arithmetic mean 
chromaticity for matching red, blue-red, and yellow-green colors (Webster, et al., 2014). However, 
Webster et al., found a skew in blue-green matches toward blue. In a study published recently it 
was found that observers tend to prefer simple averaging when asked to determine if colors were 
“yellower” or “bluer” than a given standard stimulus (Virtanen, et al., 2020). This was true even 
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when there was significant skew to the color distributions being displayed. Mean hue was also 
found to be used most when observers sorted autumn leaves by color (Milojevic et al., 2018). 
When participants were asked to adjust colored dots to match the average hue of rapidly displayed 
ensembles, it was found that the selected mean hues were most often the expected mean hues, 
suggesting that participants are able to accurately average hue over a given array (Maule and 
Franklin, 2016). When these results were compared to the performance of a simulated ideal 
observer, an ideal observer generated by an AI to maximize performance was found to perform as 
well or better than most live observers while only using two elements, compared to the sixteen 
elements presented to the human observers (Maule and Franklin, 2016). This suggests that humans 
do not perform hue averaging as intuitively as they average other characteristics.  
  On the other hand, there can be a bias in observers’ judgment that favors more saturated 
colors when determining average color (Kuriki, 2004, & Kimura, 2018). Memory colors have also 
tended towards higher saturation and lightness than the actual remembered color when viewing 
such subjects as green grass and red bricks (Bartleson, 1960).  This experiment uses an element of 
memory, given the brief presentation of the images, so this idea may be relevant. Humans are 
likely to have strong pre-existing memory colors of tomatoes, such as they do for oranges or 
bananas. The idea for this experiment is to determine if these concepts apply to color determination 
of tomatoes in order to better understand how observers’ perception of ripeness relates to different 
physical characteristics. These results were compared to the results gathered from the tomato 








A colonial strain of cyanobacteria, gloeocapsa, and a filamentous strain of cyanobacteria, 
anabaena, were grown at the Rochester Institute of Technology’s Munsell Color Science 
Laboratory. A colonial green alga, scenedesmus, and a filamentous green alga, spirogyra, were 
also grown contemporaneously. Each species was sub-cultured into three 500 mL Erlenmeyer 
flasks. A lighting construct was placed above the flasks to suspend 40-Watt, cool white fluorescent 
bulbs above the flasks in which the bacteria and algae were growing. The lights were set on a timer 
with a circadian rhythm of 16 hours on to 8 hours off. The desk on which the flasks were placed 
was covered in white paper in order to reflect light back up into the samples. The samples were 
occasionally aerated using an aquarium pump and a tube from the aerator into the flask. 
 The samples were extracted from the flasks using pipettes and injected into 10 mL cuvettes 
for measurement and image capture. The color of the cyanobacteria was characterized in terms of 
the transmission spectrum and L*a*b* coordinates measured for each strain measured at 
concentrations of 5%, 10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%, 90%, and 100%, where the 
sample was mixed with water. 100% concentration was taken to be where 100% of the substance 
in the cuvette had been drawn from the flasks of cyanobacteria or algae and not diluted with any 
water. Water with between 20,000 and 100,000 cells per milliliter constitutes an HAB advisory, 
representing a low probability for adverse health effects. Above 100,000 cells/mL represents 
moderate probability of adverse health effects and potential for long-term illness (U.S Army Coprs 
of Engineers Pittsburgh, 2021). The higher concentrations being measured were comparable to 
concentrations of HABs found in nature.  As such, gloves were worn when handling cuvettes or 
beakers containing cyanobacteria and a solution of 95% ethanol was used to kill the cyanobacteria 
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once they were measured or were no longer usable. The cuvettes were then placed in the lab’s 
Gretag Macbeth ColorEye 7000A spectrophotometer, where measurements of the transmission 
spectrum and the L*a*b* coordinates under illuminants A and D65 were measured. The 
measurements of each sample were made three times and averaged together. 
 After the spectrophotometric measurements, the cuvettes were placed in a sample holder 
on an optics bench. The phones were mounted on a tripod 20 cm from the sample. A gray board 
was placed 24 cm behind the sample as a neutral background. The phones were chosen to cover a 
range of camera quality. Images were then taken with each phone of the sample with HDR off and 
HDR on, with the cuvettes positioned in front of both a gray card background and a black wall 
behind the sample. The illuminance of the light was monitored using a luxmeter in order to keep 
the lightness and the interaction of the light with the glass cuvette as consistent as possible. An 
example of the cuvette in front of the gray background is shown in Figure 3.1. Figure 3.2 displays 
the differences in color between the four smartphone cameras imaging gloeocapsa in front of the 
black background. 
 
Figure 3.1: An example set-up of the cuvette filled with water. 
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Figure 3.2: Images of gloeocapsa taken with four smartphone cameras. 
 The images were next imported into MATLAB, where the color coordinates were averaged 
row by row. This was done using images cropped so only a rectangle cut out of the cuvette 
containing the sample was visible. These results were then compared to the results measured by 
the spectrophotometer. This comparison was then used to determine the approximate threshold at 
which it could be reliably determined that cyanobacteria or algae was present in the water sample. 
 The L*a*b* values for each cyanobacteria and algae were then compared to data for the 
Munsell Book of Colors. The Munsell data are available for free online from the Munsell Color 
Science Laboratory (Munsell Color Science Laboratory, 2017). Some of the most closely matching 
colors were then chosen, creating a preliminary cyanobacteria color checker. This color checker, 
while not necessarily meaningful directly in imaging, can provide a sanity check for field workers 
collecting samples. Reference to the chart could give the field workers a comparison of the color 
of cyanobacteria versus the color of algae to which to compare the samples from already visible 
outbreaks.  
 The L*a*b* values were then converted to L*Cab*hab values. The values were used as another 
determination of whether cyanobacteria can be distinguished from green algae. Cab* values, being 
the most consistent between concentrations, could be used to determine a transformation of the 
L*Cab*hab values from the image captures in order to make them better align with the values found 
in the spectrophotometer measurements. hab values can also be used to judge the relative difference 
of the colors of the cyanobacteria and green algae. If hab values are visibly different between 
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species, fewer images are necessary to identify the presence of or to distinguish between 
cyanobacteria and green algae. The hab values might also be expected to have a range within an 
individual species with images taken at different concentrations. More image captures would be 
required for distinction if the ranges of hab values overlap slightly between species. If the ranges 
of values significantly overlap then hab values are not useful in determining which organism is 
present. 
 Additionally, principal component analysis was performed on the measured transmittance 
spectra of the cyanobacteria and green algae. This was performed in MATLAB and analyzed all 
measured spectra at once. PCA was performed to determine how many factors affect the variance 
within the spectra, and with those findings speculate about what physical characteristics represent 
the principal components.  
3.2 TOMATOES 
Images of the tomatoes were taken at seven stages of ripeness, with more sampling within the 
orange and red stages. These levels were chosen to determine if the smartphones could detect the 
subtle differences between stages of near ripeness. The stages were classified as red, dark orange, 
medium orange, light orange, gold, yellow-green, and green. They did not align with the six 
ripening stages of the USDA classifications because of the desire for a range of coverage in the 
reds and oranges (D’Souza, Singha, and Ingle, 1992). Seven tomatoes were picked from the cherry 
plants and the grape plants at the same time and were then promptly imaged and measured in the 
sunlight. The “spectra” of cherry and grape tomatoes are shown in Figure 3.3a and 3.3b, 
respectively. The tomatoes were then taken indoors and imaged with the same devices and settings 
under LED light. The LED light was meant to simulate light that would be present in grocery stores 
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or the homes of consumers. A plot of the spectral power distribution of the LED light is provided 
in Figure 3.4. 
(a)   
(b)  
Figure 3.3: Cherry (a) and grape (b) tomatoes picked at seven stages of ripeness. 
 
 




Five devices were used in imaging. Three of the devices were also used for the previous 
cyanobacteria experiment. As with the cyanobacteria, images were taken with the HDR setting 
both on and off. If the device had timer capabilities, the timer was used for focusing purposes. The 
images were taken in quick succession, then the spectral reflectance distributions of the tomatoes 
were measured using a PR-655 immediately after. The L*a*b* and L*C*h values of the tomatoes 
were calculated from the spectra for the D65 illuminant and the 2° observer. D65 was used to 
match the coordinates to those under sunlight, and the 2° observer was chosen because it is 
typically the choice used for photography (Berns, 2000). These measurements were used as the 
ground truth color of the tomatoes and were compared with the color of the images captured by 
each device.  
Subsequently, a similar practice of categorizing, measuring, and imaging was implemented 
using a larger quantity of tomatoes to increase the sample size, also incorporating full-sized 
tomatoes. They were acquired from a locally accessed garden and from two farmers markets. This 
time, however, the measurements and imaging were performed in a light booth under D65 lighting.  
D65 was used to avoid having to account for the angle and degree of cloud cover of the sun when 
imaging. An example of the range of tomatoes used, along with a full-sized red tomato, is displayed 
in Figure 3.5.  
   
Figure 3.5: A range of tomatoes used in measurement and an example tomato image. 
 32 
Additionally, the two batches of tomatoes from the farmers markets were measured and 
imaged on and in front of black, white, and green felt. This was done to gauge if the colors captured 
by the devices were affected by the background surrounding the tomato and, if so, how much it 
was affected. An example tomato in front of the four differently colored backgrounds is given in 
Figure 3.6. 
    
Figure 3.6 Images of a tomato in a light booth under D65 lighting conditions, in addition to the tomato on black, 
white, and green felt in the same light booth. 
The images of the cherry and grape tomatoes were cropped to 250 x 250 pixel squares of 
uniform color within each tomato to the best possible degree. Using the small subsections of the 
image was achievable and necessary to obtain the required uniformity for the relatively small 
cherry and grape tomatoes. The full-size market tomatoes were cropped to 350 x 350 pixel squares 
as they had more surface area, though they still had the same issues of nonuniformity. Three 
squares were taken for each tomato from each device. The mean color of each cropped image was 
then obtained in MATLAB by converting the sRGB coordinates at each pixel to L*a*b* and 
averaging them. The colors of the three cropped images for each tomato were then averaged to get 
the final color value of the tomatoes from each device. An example of a tomato and the three 
cropped images taken from the image is shown in Figure 3.7. 
It was necessary to be mindful of any inconsistencies within the images. Since tomatoes 
are not uniform in color there can be areas of discoloration that do not match the rest of the image. 
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Since these areas would affect the results of the averaging, they needed to be avoided. An example 
of a blemished cropped square versus a clear, usable square is portrayed in Figure 3.8. 
 
 
               
Figure 3.7 Three cropped images taken from the image of one tomato. 
 
  
     
Figure 3.8 A cropped image of a tomato showing discoloration that could affect the average L*a*b* values of the 
image vs. a cropped image of a tomato showing relative uniformity. 
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 Images of ten red tomatoes and five molding tomatoes were taken using a smartphone with 
raw mode capabilities. The images were taken under D65 lighting conditions in a light booth. The 
mold spots and the colors of the tomatoes as rendered in the RAW images were compared to the 
colors rendered in the JPEG images. The goal of this was to assess whether there are meaningful 
differences in color information in images captured by raw mode; raw mode renders images before 
all of the post-processing and proprietary color correction each device performs on each image it 
captures. Raw mode could potentially be useful in providing more standard images without the 
color changes made by each type of device.  
 Principal component analysis was performed on the image data using the measured spectra 
as inputs. The objective of the PCA was to assess how many principal components are relevant to 
the full data set and determining what those may be. All spectra were analyzed together in 
MATLAB. 
 As an additional comparison of possible agricultural applications related to tomatoes, 
peppers of different colors were grown and measured. This was done as a comparison of other 
crops’ spectral reflectance distributions at similar colors to tomatoes to gauge if there are 
reflectance characteristics common among different products. Red, orange, yellow, yellow-green, 
green, and purple peppers were grown on campus. Additional red peppers were purchased from a 
farmer’s market. They were also measured by the PR-655 and imaged by the smartphones under 
D65 lighting in the light booth. Example images of the peppers imaged are included in Figure 3.9. 
 Red peppers, like tomatoes, are colored by carotenoids. However, the main pigments in red 
peppers are capsanthin, zeaxanthin, beta-cryptoxanthin and beta-carotene (Kim, Ha, and Park, 
2008 & Malchev, et al., 1982). Purple peppers are primarily colored by anthocyanin (Tang, et. al., 
2020 & Taylor, 2014). Anthocyanin is a polyphenol pigment that produces orange, red, purple, 
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and blue colors (Welch et al., 2008). Since the pigments are different from those found in peppers, 
the same relationship between measured and captured hues cannot necessarily be expected. Thus, 
peppers can be used as a test of if smartphone imaging of other crops can be applied in the same 
way.  
(a)  (b)  (c)  
(d)  (e)  (f)  
Figure 3.9: Examples of the peppers imaged include (a) red, (b) orange, (c) yellow, (d) yellow green, (e) green, and 
(f) purple. 
 
3.3 DETERMINATION OF REPRESENTATIVE COLOR 
An experiment was designed to test how observers determine the representative color of a tomato, 
along with other targets. If these characteristics could be related to tomatoes, they could also be 
tied to collection and marketing of tomatoes that would be most valued by the consumer. With 
COVID-19 limiting access to labs and recruiting in-person participants not being possible, the best 
way to proceed was determined to be an online experiment, so data could be collected entirely 
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remotely. This study was conducted to assess which characteristics observers use to determine 
what they feel to be the representative color of the image. This was done with and without the 
context of the full image, showing first subsampled and scrambled images and gradually increasing 
the frame of reference.  
Eighteen images of red, orange, and green tomatoes were tested. Two images of the sky, 
one with and one without clouds, one image of grass, one image of green peppers, one image of 
skin, one image of a wood panel, and one image of sand were also assessed to ascertain if observers 
use the same characteristics for images of a wider gamut of colors than those in tomatoes in a 
consistent fashion. These images are shown in Figure 3.10.  
           
Figure 3.10: The images being used in addition to the tomato images in the representative color experiment. 
 
To tie the tomato and cyanobacteria research together, images of the cyanobacteria and 
green algae at concentrations of 30%, 70%, and 100% concentration were included. The 30% 
concentration was chosen as the point where color from the organisms becomes apparent to the 
average observer. While the transmittance spectra first show signs of distinct characteristics 
beyond those of water at 20%, those images were deemed to not have enough color distinction for 
the purposes of this experiment. The 70% concentration level was chosen as an approximate 
midpoint between 30% and 100% concentrations. An example of cyanobacteria at 30%, 70% and 
100% concentrations as used in the experiment is presented in Figure 3.11. 
 37 
               
Figure 3.11 Anabaena, a filamentous cyanobacteria, at 30%, 70%, and 100% concentration in a water sample. 
 
An application was designed and built in MATLAB by Katie Albus and Dara Dimoff to 
test this perception (Albus, 2020). First, the images were cropped to a point where the overall 
features were intact. Since tomatoes are round and do not ripen uniformly, there are specular 
highlights, blemishes, and a range of colors that needed to be represented in the image. However, 
as referenced in Section 2.3, there are strong memory colors tied to tomatoes that would potentially 
bias observers’ choices if they viewed the entire image (Bartleson, 1960). The images were 
cropped into squares of 768 x 768 pixels, a size determined to cut out backgrounds but still retain 
the color information across each image. Every twelfth pixel was then taken to create a 64x64 
pixel square that represented the image at a reduced viewing quality. It had been found in pre-
testing that averaging pixels by nearest neighbor had the potential to create colors that did not exist 
in the original image. The same process was followed to create a 16x16 pixel square using every 
forty-eighth pixel. The positions of each pixel in the 16x16 image were then randomized to create 
an image where colors were distributed throughout, fully removing any context of highlights and 
shadows. This created five levels of context for each image. An example of an image and each of 
its decontextualized permutations is given in Figure 3.12. 
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(a)    (b)     (c)    
(d)     (e)  
Figure 3.12: An example of (a) a full image, (b) its 768x768 cropped iteration, (c) its 64x64 iteration, (d) its 16x16 
contextualized iteration, and (e) its 16x16 scrambled iteration. 
From the images, nine color options were offered to observers to choose from as the most 
representative color. Nine was the number chosen so the observer would not be overwhelmed by 
too many options or ignore the peripherally placed ones. The nine colors were taken from the 
16x16 images since the colors within those images would be present in all levels of the image. 
First, the most chromatic pixel, most saturated pixel, and an average of the entire 16x16 image 
were taken. Then, the image was split into nine subsections, where the most chromatic, most 
saturated, and average pixel value were found for each subsection. This yielded many colors that 
were too similar for observers to distinguish, so colors that were within 2 ∆E00 were removed, 
until there were only nine remaining. This threshold was chosen since it is around the color 
difference threshold for images (Stokes et al., 1992; Farnand, 2003). If all colors within 2 ∆E00 
had been removed and there were still more than nine options, the ∆E00 threshold was increased, 
and the lightest and darkest colors were removed. If all colors within 2 ∆E00 had been removed 
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and there were fewer than nine options, averages of the remaining colors were created to fill holes 
in the color space that were not covered by the available options.  These colors were then compared 
to the 2 ∆E00 until there were nine usable options. These nine colors were the same for each 
iteration of the images and were randomized within the 3x3 array of options each time it was 
presented to the observer. An example array and the image it is drawn from is shown in Figure 
3.13. All arrays are shown in Figure A5 in the Appendix. 
           
Figure 3.13 An example array of colors taken from an image of a dark orange tomato. 
Since the experiment was run online, the goal was to keep it to a manageable time for 
observers.  This was important because with an online experiment there is more danger of 
observers getting bored and their attention wandering. Additionally, there was no one present to 
monitor the observers’ progress. As such, the experiment was designed to take around fifteen 
minutes so it would not be drawn out to a point where distractions in whatever unknown setting in 
which observers are participating may start to set in. The observers were shown one level of 
context at a time, seeing first all of the scrambled 16x16 images, followed by the contextual 16x16 
images, the 64x64 images, 768x768 cropped images, and then the full images. The order of 
presentation within each tier was randomized. Each image was flashed on the screen for one 
second, as in the procedure followed in Virtanen et al. (2020), a full gray screen was flashed, 
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following which the array of nine options was presented. The same gray color separates each 
option to keep the colors from affecting the perception of the others. The observer was then asked 
to click on the color they deemed was the most representative of the image. A full gray screen was 
presented for one second following the selection, followed by the next image for one second. In 
addition to the color selection, the reaction time and location of choice was also recorded to track 
if there were any other trends in color selection. The results of the investigation were then 
considered in evaluating the relationship between the colors taken with the smartphone cameras.  
There was an issue with the compilation of the GUI over the summer that was not 
discovered until after examining data from one round of data collection. A second round of data 
collection was subsequently run in early 2021. The opportunity was taken with the second round 
of data collection to include the images of cyanobacteria and green algae with the rest of the 
images. Additionally, eleven people participated in both rounds of data collection, giving the 
opportunity to examine intra-observer variability. Color choices, response times, and general 
location choices were compared for the 100 images common between both data sets. 
4 Results 
 
4.1  CYANOBACTERIA 
4.1.1 Transmittance Spectra and Related Chroma Values of Cyanobacteria and Green Algae 
 
The images taken using the four smartphones for each organism at 100% concentration in front of 
the black background are shown in Figures 4.1-4.4. A plot of the transmittance of each organism 
at 20% concentration is given in Figure 4.8. Normalized plots of the transmittance data are 
presented in Figures 4.9-4.12. The transmittance curves of the four organisms are presented in the 
Appendix in Figures A1-A4. Plots were then generated to relate the color coordinates measured 
by the spectrophotometer and the phone cameras. To evaluate the relationship between the 
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measured and captured chroma values, the Cab* values measured by the spectrophotometer were 
plotted on the x-axes and the Cab* values taken from the images were plotted on the y-axes in 
Figures 4.13-4.20. An example of the C* values for all organisms on one phone camera is shown 
in Figure 4.21. Transmittance and absorbance spectra of chlorophyll a and b are given in Figure 
4.5 a-b, absorbance and transmittance spectra of lycopene are given in Figure 4.6 a-b, and 
phycocyanin are given in for comparison in Figure 4.7. 
(a)      (b)      (c)      (d)  
Figure 4.1: Images of anabaena taken with: (a) May 2015 smartphone, (b) April 2015 smartphone, (c) 2010 
smartphone, and (d) Jan. 2015 smartphone. 
(a)      (b)     (c)      (d)  
Figure 4.2: Images of gloeocapsa taken with: (a) May 2015 smartphone, (b) April 2015 smartphone, (c) 2010 
smartphone, and (d) Jan. 2015 smartphone. 
(a)      (b)     (c)     (d)  
Figure 4.3: Images of scenedesmus taken with: (a) May 2015 smartphone, (b) April 2015 smartphone, (c) 2010 
smartphone, and (d) Jan. 2015 smartphone. 
(a)      (b)     (c)     (d)  
Figure 4.4: Images of spirogyra taken with: (a) May 2015 smartphone, (b) April 2015 smartphone, (c) 2010 
smartphone, and (d) Jan. 2015 smartphone. 
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(a) (b) (c)  
 
Figure 4.5: (a) Transmittance (Kancheva et al., 2014), (b) absorbance (Kume et al., 2018), and reflectance 
(Rijkeboer et al., 1997) spectra of chlorophyll. 
(a) (b)   
(c)  
Figure 4.6: (a) Transmittance, (b) absorbance (Butnariu, 2011),, and (c) reflectance spectra of lycopene in visible 
and IR (Tilahun et al., 2018) 
(a)     (b)  
Figure 4.7: (a) Reflectance (Beck et al., 2017) and (b) absorbance (Glazer et al., 1973) spectra of phycocyanin in 
visible and IR. 
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Figure 4.8: An example of the behavior of each organism at one concentration. 
The images taken of each organism with each smartphone, shown in Figures 4.1-4.4, 
demonstrate how each camera behaves. The cyanobacteria appear green to blue-green, while the 
green algae appear green to green-yellow. This is to be expected, given the nature of the organisms, 
and is encouraging for the idea that the cameras are capturing the colors reasonably accurately. 
The May 2015 smartphone appears to capture images that appear more blue-green for the 
cyanobacteria and greener for the green algae. On the other hand, the Jan. 2015 smartphone tended 
to capture yellower images. This demonstrates that the cameras used in different models of 
smartphones can be highly inconsistent. This inconsistency demonstrates the necessity for further 
work using a wider variety of smartphones, including newer models where raw images can be 
collected. 
The normalized plots in Figures 4.6-4.9 display how the measured transmittance values 
compare to the peak value at each wavelength. This is useful because it emphasizes where the 
largest variations are, like the maximums in transmittance around 560 nm and the minimums 






























Figure 4.9: A plot of the transmittance of the anabaena normalized to the highest value for each concentration. 
 
 Figure 4.10: A plot of the transmittance of the anabaena normalized to the highest value for each concentration. 
 
Figure 4.11: A plot of the transmittance of the scenedesmus normalized to the highest value for each concentration. 
 





































































































































Figure 4.13: The relationship of C* measured by the spectrophotometer vs. C* taken from the phones for anabaena, 
the filamentous cyanobacteria, plotted for all four phones and two backgrounds. 
 
Figure 4.14: An individual example of the plot of C*meas vs. C*phone for the anabaena. 
 
Figure 4.15: The relationship of C* measured by the spectrophotometer vs. C* taken from the phones for 
gloeocapsa, the colonial cyanobacteria, plotted for all four phones and two backgrounds. 
 
 






































































Gloeocapsa - Jan. '15 Gray D65
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Figure 4.17: The relationship of C* measured by the spectrophotometer vs. C* taken from phones for scenedesmus, 
the colonial green algae, plotted for all four phones and two backgrounds. 
 
Figure 4.18: An individual example of the plot of C*meas vs. C*phone for the scenedesmus. 
 
Figure 4.19: The relationship of C* measured by the spectrophotometer vs. C* taken from phones for spirogyra, the 
filamentous green algae, plotted for all four phones and two backgrounds. 
 
 





































































Spirogyra - Jan. '15 Black D65
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According to Figure 4.5, the organisms tend to transmit similarly; their transmittance 
curves all follow roughly the same pattern, though the gloeocapsa has a significantly lower 
transmittance than the other three organisms. Overall, the results over the four smartphones follow 
the same general trends, as shown in Figures 4.10-4.17, despite the images appearing to be 
different colors. Note that the x-axes of the graphs are not the same between figures, though they 
all cover a range of 12 Cab* units. 
The plots for each range of concentrations of three of the organisms all followed the same 
generally linear pattern, seen in Figures 4.10-4.15. The two cyanobacteria, anabaena and 
gloeocapsa, and the colonial green algae, scenedesmus, behaved linearly and consistently between 
the phones. The filamentous green algae, spirogyra, presented a stranger pattern. The trend was 
still consistent between each phone, but instead of behaving linearly, the relationship was S-
shaped, evident in Figures 4.16-4.17. This is due to the filamentous nature of the spirogyra, visible 
in Figure 4.4. At low concentrations, the spirogyra behaved linearly, though as the concentration 
increases, spatial relationships of the sample become more of a factor in the color of the images. 
The colonial species were dispersed uniformly throughout the samples. The filamentous 
algae, however, began gravitating together and forming clumps. Where the other organisms 
functioned on a monotonic relationship, the spirogyra has a non-monotonic relationship. As the 
clumps form, the Cab* from the smartphone continues to increase but the Cab* from the 
spectrophotometer decreases. A possible explanation for this is the difference in area being 
measured by the cameras and the spectrophotometer. The cameras average together large numbers 
of smaller digital measurements, while the spectrophotometer takes a measurement through a small 
hole. 
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The anabaena, the filamentous cyanobacteria, behaves very linearly overall, shown in 
Figure 4.11. This is in contrast with the filamentous green algae; the points of the graph of the 
anabaena tend to separate out into three groups in the same way that the points of spirogyra, shown 
in Figure 4.17, separated out into three groups. However, the three groups of the spirogyra changed 
direction; there was first a positive linear relationship, then a negative linear relationship, then 
back to a positive linear relationship. The anabaena’s three groups continue in the same positive 
linear relationship. This makes sense, because the anabaena forms as little clumps spread out across 
the water in the sample. As the concentration increases, the clumps begin to aggregate more, 
making larger clumps and allowing more of the light through in the space around them. This 
behavior lasts until the concentration gets so high that the large clumps spread all the way through 
the sample. Then, as the clumps begin to take up the majority of the sample, the Cab* measured by 
the spectrophotometer increases again. The spirogyra forms as long, thin filaments, with the 
number, but not the thickness, of the filaments increasing as concentration increased. 
 
Figure 4.21: A plot of C*meas vs. C*phone for each organism on one phone. 
Figure 4.18 demonstrates the behavior of each organism using one phone. The colonial 





















seems like a positive sign for the use of smartphone cameras to accurately model the behavior of 
similar organisms.  The fact that the grouping of the filaments is consistent between the 
cyanobacteria and green algae, but the overall behavior is different is interesting and is perhaps a 
subject for future work. 
4.1.2 Captured Range of Hue Angles 
 
Figure 4.22: The range of hue angles captured in images of cyanobacteria and spirogyra taken in front of a black 
background. 
 


















































































































































































































The ranges of hue data for each phone are displayed in Figures 4.19-4.20. The data show 
how the images skew in hue for each organism and for images taken with a black and a gray 
background. The May 2015 phone works well for distinguishing the cyanobacteria from the green 
algae. There is a gap between the ranges of hue values of both the filamentous and colonial 
cyanobacteria and green algae, especially the colonial ones. The April 2015 phone had a suitable 
gap between hue values for the colonial organisms for both backgrounds and the filamentous 
organisms for the gray background. However, there was significant overlap in the filamentous 
organisms in front of a black background. There was overlap of hue ranges for all categories of 
comparison for the 2010 phone, suggesting that older phones might not have the color capabilities 
necessary for this application. The only category of overlap for the January 2015 was the colonial 
organisms with a gray background. The other ranges are extremely close to overlapping, though. 
This suggests that a camera on par with the January 2015 phone will work for these purposes, but 
many images will be required to ensure identification. Further work is required to determine 
exactly how many images will be necessary. The 2015 phones all tended to perform comparably, 
even though the phones were chosen to have a range of megapixels in their rear cameras. Newer 
phones were not tested in this project, though it may be that newer phones will work as well or 
better than the 2015 phones. However, newer smartphones also tend to have more white balance 
processing. The white balance occurs automatically and could change colors in an image to better 
relate to a given white point. The newest and more expensive smartphones recently released on 
the market allow the capture of RAW images, where this would not be an issue, but at this point it 




4.1.3 Cyanobacteria Color Checker 
A table containing the measured L*a*b* values and the matched L*a*b* values for each 
organism at each concentration is presented in Table 1. The color checker generated to match the 
measured colors is displayed in Figure 4.21. The matches were made to existing Munsell colors 
so that a physical chart could be made using Munsell papers and were found using the colors found 
for each concentration using the four smartphones. For the three linearly behaving organisms, the 
formulae for the trendlines, where the measured chroma values were input as x-values, were used 
to find “corrected” chroma values for the transmission measurements. The values from each plot 
were then averaged to find an adjusted C* value. The same concept was used for adjusted L* values, 
though only the values found from images in front of a black background were used in this case. 
This adjustment process was more difficult for the nonlinear spirogyra. For the spirogyra, three 
trendlines were fit to the plot as a piecewise function. The same process was then followed, where 
the Cab* values were input into the piecewise function based on the range of each piece of the 
function. However, the lightness range for the spirogyra was close enough to linear that the linear 
fit was also used in this case. The L*Cab*hab values were then transformed back to L*a*b* format in 
order to match the Munsell colors, which are given in L*a*b* format. 
 
Figure 4.24: Color checker for use in the field for quick comparisons. Anabaena is in the top row, followed by 
gloeocapsa in the second row, spirogyra in the third row, and scenedesmus in the fourth row. 100% concentration is 
shown in the leftmost column, followed by 80%, 50%, and 20% in the fourth column. 
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Table 1: The color coordinates of the spectrophotometer measurements for each organism and the color coordinates 
of the Munsell matches chosen, with the difference in chroma between the measured colors and the matches.              
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The cyanobacteria matches are demonstrably more blue-green than the yellow-green of the 
green algae. This should be useful to laypeople who are not familiar with the differences between 
cyanobacteria and green algae but who want to participate in the crowdsourcing of water quality 
data or want to know if the water on their property is safe to use. However, these are still ballpark 
colors, because as can be seen in Table 1, the differences in chroma between the measurements 
and the Munsell matches are still sometimes fairly large. These ∆ Cab* values are noticeably smaller 
for the colonial organisms, the gloeocapsa and scenedesmus, than for the filamentous organisms, 
the anabaena and the spirogyra. This implies that the idea of a color checker may be best 
implemented with the colonial organisms. This makes logical sense, because the colors of the 
colonial organisms are more consistent and uniform throughout the samples than throughout the 
filamentous samples. This is not to say that the method used here does not work for filamentous 
organisms, just that it is less precise for the filamentous organisms than for the colonial organisms. 
Further study of this would be a good application of the representative color work. 
4.1.4 Principal Component Analysis 
Principal component analysis was performed on the full set of measured transmittance spectra of 
cyanobacteria and green algae at all concentrations. The PCA was performed to determine how 
many factors were detectable within the spectral data that would be necessary to accurately recreate 
the spectra. The number of components required can then be used to gain insight into what the 
most relevant features in the spectra were. This was performed using the pca function in 
MATLAB. 
 It was found that two principal components explained 98.64% of the total variance in the 
spectra. Adding a third principal component brought the total variability accounted for to 99.63%. 
A table of the percentage of the total variance explained by the first four principal components is 
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given in Table 2. It is likely that the two major responsible factors in the variance that coincide 
with the first two principal components are chlorophyll and lycopene, the two major pigments 
found in cyanobacteria and green algae. The third pigment that added even more additional context 
likely represents phycocyanin. 
 
Table 2: The percentage of total variance in the cyanobacteria and green algae spectra explained by the first four 
principal components. 
 
 Figures 4.25-4.28 a-b show the measured transmittance spectra and reconstructed spectra 
using the first two principal components for anabaena, gloeocapsa, scenedesmus, and spirogyra, 
respectively. The plots demonstrate that, for the most part, the first two principal components are 
sufficient for adequate reconstruction of spectra. The only difference of note is that the 
absorbance characteristics of lycopene at 680 nm in the spirogyra reconstructions are not as 
pronounced as they are in the measured spectra. 
(a)    (b)  
Figure 4.25: (a) The measured transmittance spectra and (b) the spectra reconstructed of anabaena using the first 
two principal components at multiple concentrations. 
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(a)  (b)  
Figure 4.26: (a) The measured transmittance spectra and (b) the spectra of gloeocapsa reconstructed using the first 
two principal components. 
(a)  (b)  
Figure 4.27: (a) The measured transmittance spectra and (b) the spectra of scenedesmus reconstructed using the 
first two principal components. 
(a)  (b)  
Figure 4.28: (a) The measured transmittance spectra and (b) the spectra of spirogyra reconstructed using the first 




4.2  TOMATOES 
4.2.1 Measured Spectra of Tomatoes  
 
The measured spectral reflectance distributions of the cherry and grape tomatoes are 
plotted in Figure 4.29 a-b.  
(a) (b)  
              
Figure 4.29: The measured spectral reflectance distributions of the (a) cherry and (b) grape tomatoes. 
For most stages of growth, the measured spectra for both cherry and grape tomatoes 
have a peak slightly below 550 nm. This peak is highest in the green cherry tomatoes and 
the yellow-green grape tomatoes, while decreasing through the stages of ripeness until it is 
nearly or entirely gone in the reddest tomatoes. A characteristic of the spectral reflection 
distribution of chlorophyll is a peak at 550 nm, so it makes sense that this peak is highest 
for the green tomatoes (Gitelson and Merzlyak, 1996, Hunt Jr. et al., 2013). Conversely, there 
is a dip in the spectral reflectance distribution at 670 nm. This dip is due to absorption of 
light by chlorophyll (MacKinney, 1941). While it is deepest in the greenest tomatoes, this 
dip does not fully disappear until lycopene becomes more concentrated than chlorophyll 
and the tomato is fully red. Since the decrease is only fully gone in the red tomatoes, 
determination of this characteristic, along with gauging the relative reflectance at 550nm, 
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can be useful in forecasting ripeness. The reflectance also increased again in the ultraviolet 
wavelengths, which did not occur in the cherry tomatoes. This could have been due to the 
narrower profile of the grape tomatoes and things in the background creating more of an 
effect on the measurements. 
 The measured spectral reflectance distributions of full-sized tomatoes are shown in 
Figure 4.30.  
 
Figure 4.30 The spectral reflectance distributions of full-sized tomatoes. 
All stages of growth had some degree of characteristic spike at roughly the same point 
slightly below 550 nm from the reflection of chlorophyll that the cherry and grape tomatoes 
had, though it did not go away fully in the reddest tomatoes like it did in the cherry 
tomatoes. The UV wavelengths below 400 nm were flat in the full-sized tomatoes, unlike 
the spikes in all stages of grape tomatoes. There was very little distinction between the 
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green and yellow-green spectra for most wavelengths below 550 nm. The characteristic dip 
from the absorption of chlorophyll at 670 nm was present in every spectrum, albeit 
minutely in the red and dark orange spectra. The red and dark orange spectra were very 
similar, with the relative largest difference coming in the infrared. The red spectrum peaked 
just above 700 nm, with the peak shifting further into the infrared the less ripe the tomatoes 
were. Overall, the spectra of the full-sized tomatoes resembled the spectra of the cherry 
tomatoes more closely than those of the grape tomatoes, though there were still enough 
distinctions to set them apart from the cherry tomatoes. 
4.2.2 Captured Hue Angles of Tomatoes 
The measured hue angles for the tomatoes were then compared to the hue angles captured 
in the images. The relationships between the two corresponding hue angles were then 
determined by plotting the results for each device. The plots for the cherry tomatoes are 
displayed in Figure 4.31 a-e, and the plots for the grape tomatoes are displayed in Figure 
4.32 a-e. 






































(c)    (d)  
(e)  
Figure 4.31: The measured hue angle vs. the captured hue angle of cherry tomatoes for the five devices. 
(a)    (b)  
(c)   (d)  
(e)  
 









































































































































































Linear, exponential, and power fits of the data were tested; for the majority of cases, it was 
found that the exponential fit was the most appropriate. The R2 values for each type of fit for each 
device are shown in Table 3 a-b. The highest R2 values for each lighting condition and device are 
highlighted. The best fit for grape tomatoes was very clearly exponential, aside from Device 5, but 
there was more variation in peak fit for the cherry tomatoes. While in every case the R2 is very 
high, an exponential relationship is preferred because it provides a better fit for the red and oranges 
shades, which are clustered close together. Because of this, an exponential relationship was also 
used for the cherry tomatoes. Additionally, the acceleration of the accumulation of lycopene after 
enough carotenoids have developed and the tomato has reached a pink color (Brandt et al., 2006) 





Table 3: The average R2 coefficients for the relationship between measured hue and hue obtained from an example 
device for (a) cherry tomatoes and (b) grape tomatoes. The highest R2 values are highlighted. 
The very high correlation to an exponential relationship between the actual hue of tomatoes 
and the hue captured by various devices indicates that it should be possible to use smartphone 
images to determine if tomatoes are ripe enough to be picked, or even plan the harvest ahead of 
time. The goodness of fit to an exponential relationship varied between devices, lighting 
conditions, and target tomato, but the agreement was consistently high, with only four peak R2 
values less than 0.97 and all greater than 0.90. 
 61 
Similar hue plots for full-sized tomatoes are given in Figure 4.33 a-e. Again, linear, 
exponential, and power fits were tested for images with HDR on and HDR off. The R2 values for 
each relationship on two example devices are shown in Table 4 a-b. 
(a) (b)  
(c)  (d)  
(e)  












































































(a)     (b)  
Table 4: The R2 coefficients for different trend relationships for two devices. 
  For four out of the five devices, the most accurate representation of the relationship 
between measured and captured hue was a linear fit. However, the differences in R2 between the 
different types of relationship was so slight that any fit would seemingly make sense. To some 
extent, there was again some non-linearity in the red and orange colors, though it seemed less 
pronounced than in the cherry and grape tomatoes. In a contrast to the grape tomatoes where 
exponential fit was the best for each device except Device 5, for the full-sized tomatoes the 
exponential fit was only best for Device 5. This suggests that Device 5 may be slightly less 
consistent in such applications, though again, all the possible fits are excellent representations of 
the relationship. 
4.2.3 RAW Mode 
 
An example of a normal tomato imaged in normal HDR mode and in RAW mode is shown in 
Figure 4.34 a-b, along with a moldy red tomato in Figure 4.35 a-b. Given that only red tomatoes 
were imaged with the device in RAW mode, there was no possible plot of a relationship between 
measured and captured hue angle. The measured hue and the hues for the normal red and moldy 
red tomatoes and the mold spots were collected in Table 5. 
 




(a)  (b)  
Figure 4.34: An example of a red tomato (a) in default HDR mode and (b) in RAW mode. 
 
(a)  (b)  
 
Figure 4.35: An example of a moldy tomato (a) in default HDR mode and (b) in RAW mode. 
The color boosting effects of the default capture settings are immediately apparent in 
viewing the HDR and RAW images side by side. However, the hues captured in the HDR image 
more closely match the hues measured by the PR-655. More study would have to be done to more 
fully understand the differences between the HDR and RAW images and how raw mode can be 
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utilized in such contexts. On a qualitative level, there is more of a contrast in the color surrounding 
the mold spots in the RAW image. Perhaps there could be earlier signs of rotting in the 
discolorations visible in raw mode that could be used in reducing crop waste. 
4.2.4 Backgrounds 
Plots of the mean L*a*b* coordinates for a red tomato rendered by each device are displayed in 
Figure 4.36-4.40 a-e. Tables of the mean and median L*a*b* coordinates for each device are shown 
in Table A1-A4 in the Appendix. A table of the mean hue angle of a red tomato for each type of 
background is given in Table 6. 
(a)    (b)  
(c)  
Figure 4.36: Plots of L*a*b* relationships for Device 1. (a) is a* vs. b*, (b) is L* vs. a*, (c) L* vs. b*.  
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(a)     (b)  
(c)  
Figure 4.37: Plots of L*a*b* relationships for Device 2. (a) is a* vs. b*, (b) is L* vs. a*, (c) L* vs. b*. 
(a)    (b)  
(c)  
Figure 4.38: Plots of L*a*b* relationships for Device 3. (a) is a* vs. b*, (b) is L* vs. a*, (c) L* vs. b*. 
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(a)    (b)  
(c)  
Figure 4.39: Plots of L*a*b* relationships for Device 4. (a) is a* vs. b*, (b) is L* vs. a*, (c) L* vs. b*. 
(a)    (b)  
(c)  
Figure 4.40: Plots of L*a*b* relationships for Device 5. (a) is a* vs. b*, (b) is L* vs. a*, (c) L* vs. b*. 
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Table 6: Mean hue angle of a red tomato captured by each device for each background. 
 Figures 4.36-4.40a show the a* vs. b* relationship for each device. Figures 4.36-4.40b show 
L* vs. a* and Figures 4.36-4.40c L* vs. b*. The cyan points represent the light booth mean, the 
black points represent the mean for the black background, the red data points represent the white 
background, and the green data points represent the green background. 
  Every plot shows a spread in the captured L*a*b* coordinates based on the background 
behind which the image of the tomato was captured. Device 2 showed the most success in a* vs. 
b*, with comparatively close, overlapping data points. The most spread was in Device 3, with 
almost 20 a* units separating the green and white backgrounds. Similarly, nearly 20 a* units 
separate the results for the white and black backgrounds for Device 4. This suggests that the 
backgrounds that deviated most from the results of the others were not consistent between devices. 
 Device 2 also had the least spread in the L* vs. a* and the L* vs. b* plots. As with the a* vs. 
b* plots, Device 3 also performed the worst in these plots. As Device 2 was the most high-end of 
the devices and Device 3 was the oldest, this could suggest that better smartphones may be able to 
correct for differences in background more consistently than less expensive and older devices.  
 On the other hand, when looking solely at the mean hue angle for each device for each 
background, Device 2 nearly had the largest difference between two backgrounds, with the mean 
hue angle for the black backgrounds 7° higher than for the green backgrounds. Device 3 still had 
the largest spread in this instance as well, with 7.53° between the light booth and the black 
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background. Device 5, while having consistency issues with other aspects of capture, yielded the 
most consistent hue angles, with a maximum of 2.42° separating the black and green backgrounds.  
 
4.2.5 Principal Component Analysis 
Principal component analysis was performed on the measured spectra from individual colors of 
tomatoes combined into one data set. This was done using the same method as was used for the 
PCA on cyanobacteria and green algae. A reminder of the measured SPDs for the full-sized 
tomatoes is given in Figure 4.41.  
 
Figure 4.41: The measured SPDs for different colors of full-sized tomatoes. 
The principal components for the entire data set of all tomatoes were examined. The first 
five principal components for all spectra of all colors are given in Table 7. In this case, 93.41% of 
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the variance was explained by the first principal component. 5.29% of the variance was explained 
by the second component. Two principal components represented almost 99% of all variances in 
all spectra, which is better than for most individual colors. For example, for the red tomatoes, the 
first two principal components accounted for 87.81%. The two principal components likely 
represent red spectra and green spectra. This in turn is likely symbolizing the shift in chlorophyll 
as the dominant colorant in the tomatoes to lycopene becoming more dominant. It is interesting 
that spectra are seemingly only grouped into two categories of color and that different categories 
of orange and gold do not have more of an impact on the data. 
 
Table 7: The percentage of variance for the first five principal components for all spectra of all colors of tomatoes. 
Only the first five components explained 0.1% or more of the variance in SPDs when looking at the full data set. 
 The spectra were then reconstructed using the first two principal components found when 
analyzing all SPDs from all tomatoes. The resulting spectra for red tomatoes are plotted in Figure 
4.42 a-b, for dark orange tomatoes in Figure 4.43 a-b, for medium orange tomatoes in Figure 4.44 
a-b, for light orange tomatoes in Figure 4.45 a-b, for gold tomatoes in Figure 4.46 a-b, for yellow 
green tomatoes in Figure 4.47 a-b, and for green tomatoes in Figure 4.48 a-b. Plots showing the 
reconstructions using just the first principal component for all data are given in the Appendix, in 
Figures 9.2-9.8 a-b. 
 For the most part, it seems two principal components from the full data set is enough to 
faithfully reproduce the shapes of the SPDs. This seems to reinforce the idea that the two principal 
components represent lycopene and chlorophyll, and that other factors in tracking are superfluous. 
 70 
The only drawback was that, with more principal components added, the magnitudes of the peaks 
surpass 1.0 for all colors except gold.  
  
(a)  (b)  
Figure 4.42: (a) The original SPDs for red tomatoes and (b) the reconstructed SPDs for red tomatoes made using 
the first two principal components from the data set of all tomatoes. 
 
(a)  (b)  
Figure 4.43: (a) The original SPDs for dark orange tomatoes and (b) the reconstructed SPDs for dark orange 
tomatoes made using the first two principal components from the data set of all tomatoes.  
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(a)   (b)  
Figure 4.44: (a) The original SPDs for medium orange tomatoes and (b) the reconstructed SPDs for medium orange 
tomatoes made using the first two principal components from the data set of all tomatoes.  
 
(a)  (b)  
Figure 4.45: (a) The original SPDs for light orange tomatoes and (b) the reconstructed SPDs for light orange 
tomatoes made using the first two principal components from the data set of all tomatoes. 
(a)   (b)  
Figure 4.46: (a) The original SPDs for gold tomatoes and (b) the reconstructed SPDs for gold tomatoes made using 
the first two principal components from the data set of all tomatoes. 
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(a)  (b)   
Figure 4.47: (a) The original SPDs for yellow green tomatoes and (b) the reconstructed SPDs for yellow green 
tomatoes made using the first two principal components from the data set of all tomatoes. 
(a)  (b)  
Figure 4.48: The reconstructed SPDs for green tomatoes using (a) one and (b) two principal components from the 
data set of all tomatoes. 
 
4.2.6 Peppers 
The average spectral reflectance distributions of the peppers are displayed in Figure 4.49. The 
relationships between the measured and captured hue angles are displayed in Figure 4.50 a-e.  
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Figure 4.49 Spectral reflectance distributions of differently colored peppers. 




































(c) (d)  
(e)  
Figure 4.50: Plots of the relationship between measured hue of peppers and hues captured by the five devices. 
 A relationship like that of the relationship of measured versus captured hue for tomatoes 
was present for four of the five devices, again with extremely high correlation. An example of 
the R2 values for a given device is shown in Table 8. 
 
Table 8: R2 values for a linear, exponential, and power fit for the relationship of measured hue vs. captured hue of 
peppers on an example device. 
As with the full-sized tomatoes, in most cases the linear fit had the highest correlation. 
However, the exponential fit in these instances was noticeably worse than in the tomatoes, where 
there was very little differentiation in correlation. With the cherry and grape tomatoes, it was 






















































accumulation of lycopene in the tomatoes. Peppers are colored by the same carotenoids as 
tomatoes (Jatau et al., 2017 and Ozgur et al., 2011), so it should accumulate in the same exponential 
fashion. With peppers, though, this reasoning for using the exponential fit does not justify how 
much worse the fit is compared to a linear fit. 
Additionally, there is very little difference between the captured hue angles with HDR on 
and with HDR off for the first four devices. The full-sized tomatoes also had a greater match in 
hue angles between HDR off and on than for the cherry and grape tomatoes. This could suggest 
that having a target of a larger surface area creates a better agreement between images captured in 
either setting. 
There was an issue with the results from Device 5. The captured hue angle for the purple 
beauty peppers circled back around the hue circle, making the plot drop back down for the last 
point if using the literal degrees of the hue angle. In order to create a plot where a meaningful 
relationship can be analyzed, 360° were added to the captured hue angles. Device 5 was also the 
only device that had a difference between the results with HDR on and HDR off, though this only 
came into play with the purple peppers. The captured hue angles for the red through green peppers 
were still almost identical. Device 5 was also the only device where a power relationship was 
slightly better than linear, though both R2 values were extremely high and the difference is far too 
small to be meaningful. A table with the R2 values for tested relationships for Device 5 is shown 
in Table 9. For all of these reasons, this device would seemingly not be suitable for imaging any 
crops in the purple range. Indeed, since the captured hue angles for the purple beauty peppers were 
all so close to 360°, special care should be taken if collecting data on targets of similar hue. 
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Table 9: The R2 values for tested relationships between measured and captured hue for Device 5. 
 
4.2.7 Targets 
The measured data of the tomatoes at different stages of ripeness were used to make 
preliminary test targets for use in calibration of images taken in the field. Since the goal for the 
targets was something lightweight and easily transportable, it was decided to test the feasibility of 
fabric targets. Fabric would allow the targets to be foldable and easily laid out where needed. Color 
swatches from the measured values of the cherry tomatoes were printed using an online inkjet 
printer service, Spoonflower, on three types of their offered fabrics: modern jersey, eco canvas, 
and fleece. The three fabrics were chosen for the accuracy of color printed on them and their 
opacity relative to other available fabrics. However, the fabrics were not completely opaque and 
needed some form of backing to block out all light from being transmitted through from behind. 
The repeatability of printing the chart on the cloth needs to be evaluated in future work, as does 
the durability of the targets. 
Measurements of the color patches were made with no backing, with white and black 
fleece, and with white and black felt backings. The white felt and the fleece were found to be too 
fluorescent for use. While the black felt reduced the overall magnitude of the spectral reflectance 
distributions of the color patches, it was not fluorescent and provided a more opaque, uniform 
backing. 
With the findings from the preliminary target in place, a more extensive color checker 
target was created. It is displayed in Figure 4.51. The colors in the first four columns were taken 
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from the spectroradiometric measurements transformed into L*a*b* values. Row 1 is the 
“spectrum” of cherry tomato colors, row 2 is grape tomatoes, and row 3 is full-sized tomatoes. 
Colors from the X-Rite ColorChecker were included to assess the entire gamut of the smartphone 
cameras. It had been anticipated that more images of tomatoes with the chart present would be 
taken in a controlled greenhouse setting to assess the usability of the chart. However, COVID-19 
restrictions kept this from happening. This is a potential subject of future work. Another potential 
subject for future work would be evaluation of other chart substrates. The possibilities may include 
small, ceramic charts. Ceramic charts, while glossy, are easier to clean, which might be necessary 
for a target taken into the field. Ceramic tiles may also be more durable than cloth targets. 
  
Figure 4.51: The proposed tomato color checker chart. 
4.3 DETERMINATION OF REPRESENTATIVE COLOR 
This experiment collected data on what observers deemed to be the most representative color of 
an image. Twenty-seven people participated in the first round of data collection; the twenty-one 
Mac users saw the 100 images while the six Windows users saw 125. Sixteen people participated 
in the second round of data collection; all of them saw all 185 images. 
4.3.1 Location of Choice 
There was a definite trend in the location of choices observers made. The number of selections at 
each location for both data sets are shown in Table 10 a-b. 
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(a)  (b)  
 
Table 10: The number of choices made at each location in the array for (a) the first data set and (b) the second data 
set. 
 The center option was selected more than any other in both data sets and was chosen by far 
the most in the second set. The center row was chosen the most, followed by the upper row. The 
bottom row was chosen the least. Observers’ preference for keeping their eyes in the center or 
higher is documented in past research (Farnand and Fairchild, 2014). Additionally, since all the 
observers were participating at home and not in a controlled environment, they likely did not have 
an optimal set up for their computer and are not at eye level with their monitor. This could make 
it more likely for them to not look at the bottom row since it is farther away from their viewing 
angle. One suggestion for future research in such a format was to remove the choice from the 
middle, forcing participants to move their eyes more to find a choice. Any bias in choice location 
with regards to individual colors should be cancelled out over the course of many participants since 
the locations of each color is randomized within the array with every iteration. 
 The total number of selections per location for the 100 images shown in both data sets for 
the observers who participated in both rounds of data collection are displayed in Table 11 a-b.  
(a)       (b)  
Table 11: The locations of color selection for the observers who participated in both rounds of data collection. (a) 
The locations of choices for the first round of collection and (b) the location of choices for the second round of 
collection. 
Overall, the locations selected were fairly consistent. The number of selections for the 
center square were almost identical, though there were more selections in both the upper row and 
bottom left in the second round of data collection. 
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4.3.2 Time of Choice 
The mean and median times participants took on each image is displayed in Table 12 a-b, and the 
difference between the median and mean times for each participant in the first data set is given in 
Table 12 c. The mean and median times participants took on each image is displayed in Table 13 
a-b, and the difference between the median and mean times for each participant in the second data 
set is given in Table 13 c. 
As would be expected, there were occasional participants who took longer than the rest, 
while the average participant took between 1.77 s and 2.48 s. The average participant spent a total 
of 8 minutes and 14 seconds to select colors for 185 images in the second data set, while the 
participant who took the longest spent 14 minutes and 29 seconds making selections. 
The mean time taken per image in the first data set is shown in Table 14a, and the median 
time taken per image is given in Table 14b. The times for the scrambled 16x16, normal 16x16, 
768x768, and full images are for all 27 participants. The times for the 64x64 images are from the 
six participants on Windows computers. The mean time taken per image in the second data set is 
shown in Table 15a, and the median time taken per image is given in Table 15b. 
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Table 12: By column, the mean time per image in seconds per participant, the median time per image per 
participant, third the difference between the median and mean times per participant, and the sum of time taken 




Table 13: By column, the mean time per image per particpant, the median time per image per participant, the 
difference between the median and mean times per participant, and the sum of time taken overall per participant in 
the second set of data. 
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(a) (b)  
 
Table 14: The (a) mean time in seconds spent on each image and the (b) median time spent on each image in the 
first data set. 
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(a) (b)  
Table 15: The (a) mean time in seconds spent on each image and the (b) median time spent on each image in the 
second data set. 
 In the first data set, the least amount of time per image was taken on the 64x64 images. 
This is probably due to the smaller sample size for this category. If one or two people tended to 
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take longer, then that could increase the results per image significantly. In general, in both sets, 
there does not seem to be an overall pattern where people took more or less time once they gained 
the context of the full image. Where some images had comparatively longer times spent on the 
scrambled 16x16 array, others had longer times on the full image. As with the times taken per 
participant, the median time per image was lower than the mean in each instance.  
 The mean and median times taken by the observers who participated in both rounds of data 
collection are given in Table 16 a-b. The first row is the time from the first data set and the second 
row is the time from the second data set.  
(a)  
(b)  
Table 16: The (a) mean and the (b) median times in seconds taken by participants who participated in both rounds 
of data collection. 
Every participant took a longer mean time per image and every participant but one had a longer 
median time per image in the second set of data than the first. This suggests that viewing the 
increased number of images caused more time to be taken per image. Perhaps this is due to a kind 
of decision fatigue caused by having to make more decisions. 
4.3.3 Mean vs. Saturated Color 
The number of selections of colors that were one of the means, most saturated, and most chromatic 
colors are shown in Table 17 a-b.  
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(a)      (b)  
Table 17: The number of selections of a mean color, a most saturated color, and a most chromatic color per 
participant for (a) the first data set and (b) the second data set. 
 When looking at each category individually, participants chose a mean color more than 
saturated or chromatic colors. However, if the higher-color saturated and chromatic colors are 
grouped together, participants were more likely to choose these colors than a mean color. This 
suggests that the research supporting observers being biased towards more saturated colors is most 
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relevant in this case. If this is to be applied to marketing tomatoes, that would suggest images with 
boosted saturated color should be used. 
 A table of observers’ choices by level of context is given in Table 18 a-b. Overall, the level 
of context did not change observers’ perception in the second set. They were roughly as likely to 
choose an average color when looking at the 16x16 scrambled images as they were when looking 
at the full images. In the first set, the number of selections of an average color slightly decreased 
for 64x64 and 768x768 images, while the number of selections of saturated colors slightly 
increased. While the difference is small, it does seem that observers were more likely to choose an 
average color to represent the image when they had less context available to them; when more 
context became available, the observers became slightly more likely to select a saturated color. 
This would also support the use of more highly saturated images when marketing produce to 
consumers. 
(a)   
(b)  
Table 18: Average, saturated, and chromatic choices of observers by level of context. 
5 Future Work 
More data should be collected using a much larger array of smartphones, preferably ones that are 
more modern than the ones used in this work. While they ranged from relatively recent to a few 
years old at the time, all the smartphones would be considered out of date today. More images 
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could be taken of an even wider range of targets if there were a particular crop in question that 
becomes relevant. Newer devices can also be used for further assessment of raw mode capabilities 
and their possible applications to this particular field. 
 Additionally, images of cyanobacteria and tomatoes should be taken in a controlled setting 
using the respective charts generated in this work. There originally were plans to image tomatoes 
in a greenhouse with the chart in the frame, but COVID-19 made visiting the greenhouse where 
this was going to be performed impossible. Using this data, more extensive profiles can be 
generated for each device. If an accurate enough profile can be made for each device using enough 
data then a target will not be necessary for subsequent imaging. 
 Further work could also be done on tracking color change of tomatoes in images over time. 
Dates of images and the elapsed time between shots were collected, but the rate of ripening was 
fairly inconsistent. Further work on this could help pinpoint the color when farmers should harvest 
their crop for maximum freshness by the time the tomatoes get to market. 
 Attempts can be made to tie this work together previous studies relating to color charts 
created to characterize soil samples. Additional avenues of application could include pest and 
disease detection with further development. 
 In further experiments on the subject of representative color or applications using similar 
arrays the use of arrays where there is no center color should be considered. Since location was 
found to be such a large factor in selection of color, particularly with the center color being chosen 
the most, removal of the center color could force the participants’ eyes to search through the other 
options and perhaps look at all of the colors more closely than they would have before. 
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6 Contributions 
• Katherine Carpenter, Anthony Vodacek, and Susan Farnand, “Smartphone Calibration for 
Crowd-Sourced Determination of the Presence of Cyanobacteria in Water Samples,” 
Electronic Imaging, Image Quality and System Performance XV, 2018. 
• Katherine Carpenter, Anthony Vodacek, and Susan Farnand, “Smartphone Calibration for 
Crowd-Sourced Determination of the Presence of Cyanobacteria in Water Samples,” 
Munsell Centennial Color Symposium, 2018. 
• Katherine Carpenter and Susan Farnand, “Assessing the Use of Smartphones to 
Determine Crop Ripeness,” Electronic Imaging, Food and Agricultural Imaging Systems, 
2020. 
• Katherine Carpenter and Susan Farnand, “Determination of the Representative Color of a 
Smartphone Image,” AIC Congress, Color and Psychology, 2021. 
• Submitting paper on representative color work to Color Culture and Science Journal 
7 Conclusion 
Color science as it applies to agriculture is an untapped potential resource thus far. This project is 
an attempt to lay the groundwork for future possibilities, from creating easier ways to detect 
cyanobacteria in a water sample to being able, to detecting the ripeness of a tomato from a 
smartphone image to a further exploration of how observers determine average color of 
agricultural products. The results obtained have been promising, with correlation between 
measured chroma and captured chroma being detectable for both cyanobacteria and tomatoes for 
multiple smartphones. However, data for cyanobacteria from a 2010 smartphone was not 
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necessarily distinguishable from data for green algae, suggesting that much older phones might 
not be capable of these applications.  
With further work, other possibilities could also be opened, such as assessment of soil 
quality, irrigation, and fertilization programs. Smartphone work can be tied into previous studies 
relating to color charts created to characterize soil samples. Even pest and disease detection could 
be possible with further development. By expanding color science into the field of agriculture, 
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(a)   (b)  
 
 
(c)  (d)  
Figure 9.1: The transmittance of light through samples of (a) anabaena, (b) gloeocapsa, (c) scenedesmus, and (d) 






(a)    (b)  

















































































































(a)    (b)  
Table 20: (a) Mean and (b) median L*a*b* coordinates for the five devices on black felt. 
 
(a)    (b)  
Table 21: (a) Mean and (b) median L*a*b* coordinates for the five devices on black felt. 
 
(a)    (b)  




(a)    (b)  
Figure 9.2: The original measured SPDs for red tomatoes and (b) the reconstructed SPDs for red tomatoes made 




(a)   (b)  
Figure 9.3: The original measured SPDs for dark orange tomatoes and (b) the reconstructed SPDs for dark orange 
tomatoes made using the first principal component from the data set of all tomatoes. 
 
(a)   (b)  
 
Figure 9.4: The original measured SPDs for medium orange tomatoes and (b) the reconstructed SPDs for medium 
orange tomatoes made using the first principal component from the data set of all tomatoes. 
(a)  (b)  
Figure 9.5: The original measured SPDs for light orange tomatoes and (b) the reconstructed SPDs for light orange 
tomatoes made using the first principal component from the data set of all tomatoes. 
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(a)    (b)  
 
Figure 9.6: The original measured SPDs for gold tomatoes and (b) the reconstructed SPDs for gold tomatoes made 
using the first principal component from the data set of all tomatoes. 
(a)  (b)  
Figure 9.7: The original measured SPDs for yellow green tomatoes and (b) the reconstructed SPDs for yellow green 
tomatoes made using the first principal component from the data set of all tomatoes. 
(a)  (b)  
Figure 9.8: The original measured SPDs for green tomatoes and (b) the reconstructed SPDs for green tomatoes 
made using the first principal component from the data set of all tomatoes. 
 
 
